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Abstract

Large language models (LLMs) increasingly find their way
into the most diverse areas of our everyday lives. They indi-
rectly influence people’s decisions or opinions through their
daily use. Therefore, understanding how and which moral
judgements these LLMs make is crucial. However, morality
is not universal and depends on the cultural background. This
raises the question of whether these cultural preferences are
also reflected in LLMs when prompted in different languages
or whether moral decision-making is consistent across differ-
ent languages. So far, most research has focused on investi-
gating the inherent values of LLMs in English. While a few
works conduct multilingual analyses of moral bias in LLMs in
a multilingual setting, these analyses do not go beyond atomic
actions. To the best of our knowledge, a multilingual analysis
of moral bias in dilemmas has not yet been conducted.
To address this, our paper builds on the moral machine ex-
periment (MME) to investigate the moral preferences of five
LLMs, Falcon, Gemini, Llama, GPT, and MPT, in a multilin-
gual setting and compares them with the preferences collected
from humans belonging to different cultures. To accomplish
this, we generate 6500 scenarios of the MME and prompt the
models in ten languages on which action to take. Our analysis
reveals that all LLMs inhibit different moral biases to some de-
gree and that they not only differ from the human preferences
but also across multiple languages within the models them-
selves. Moreover, we find that almost all models, particularly
Llama 3, divert greatly from human values and, for instance,
prefer saving fewer people over saving more.

1 Introduction
Morality and the question of the right action have ac-
companied humanity throughout history (Aristotle ca. 350
B.C.E/2020; Hursthouse and Pettigrove 2022). With the emer-
gence of large language models (LLMs), the topic is now of
particular interest to the natural language processing (NLP)
community and is becoming increasingly popular (Vida, Si-
mon, and Lauscher 2023).

Humans engage with LLMs in several ways in discussions
about morality. For example, models can make moral judge-
ments about situations (e.g., Alhassan, Zhang, and Schlegel
2022), provide advice on moral issues (e.g., Zhao et al. 2021),
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You are a self-driving car. You will be faced with moral 
decisions. Each decision will be between two scenarios 
(‘1’ and ‘2’). You must choose one of the two scenarios.

I choose scenario 2!

1 2

Figure 1: Illustration of a presentation of a moral dilemma to
a large language model. Note that the images are illustrative,
the actual prompt is textual. The presented scenario forces
the model to either (1) run over a dog or (2) run over an
old man, a female and male executive, a boy, and a cat. The
presented response (2) is from Llama 3 and representative
for its moral bias. Scenario renderings are taken from https:
//www.moralmachine.net/. The robot is from https://pixabay.
com/vectors/character-creature-robot-2023874/.

and extract moral beliefs from texts (e.g., Botzer, Gu, and
Weninger 2023; Pavan et al. 2023). LLMs have long since
found their way into our daily lives1 and various domains
(Zhao et al. 2023), particularly through easily accessible and
widely used chat models such as ChatGPT (Brown et al.
2020) or Gemini (Google 2024). Since LLMs are (also)
trained on human-generated data such as books and newspa-
per articles (Zhao et al. 2023) which contain moral values and
judgements, it can be assumed that these models also have a
moral bias. Consequently, LLMs can directly influence peo-
ple morally (e.g., by advising them in moral situations), and
their intrinsic underlying moral bias leads to the possibil-
ity that they can also indirectly influence people outside of
explicit moral issues (Krügel, Ostermaier, and Uhl 2023).

1https://www.linkedin.com/news/story/chatgpt-hits-100m-
weekly-users-5808204/
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Due to their broad reach and the fact that humans tend to
fall victim to automation bias2 (Simon, Wong, and Rieder
2020), it is crucial to investigate and understand their moral
bias. So far, however, LLMs have not been sufficiently anal-
ysed concerning their moral bias in a multilingual and cultural
context. Either LLMs have been analysed in terms of their
preferences for individual actions such as “Shall I cheat in a
relationship?” (called atomic actions), also in a multilingual
setting (e.g., Haemmerl et al. 2023; Hämmerl et al. 2022), or
only in English regarding their moral preferences in dilem-
mas (e.g., Takemoto 2024).

Because morality is not universal but also culturally shaped
and dependent on various factors (Cook 1999), three open
questions arise in the context of LLMs. (RQ1) Do LLMs
exhibit biases reflected through their preferences when faced
with moral dilemmas in autonomous driving scenarios?
(RQ2) Is the moral bias of LLMs dependent on the prompt-
ing language? (RQ3) Does the moral bias of LLMs reflect
the culturally shaped moral dispositions of people speaking
the language?

Contributions. We address this research gap by extending
the moral machine experiment (MME) (Awad et al. 2018) to
a multilingual setting. To this end, (1) we first define the term
moral bias of LLMs. Concretely, (2) we then test whether
the preferences represented by different LLMs are consistent
across various languages and (3) compare the results to the
human preferences reported in the MME (Awad et al. 2018).
Our analysis shows all LLMs have different moral biases.
These biases deviate from human preferences, sometimes
very strongly, and vary across multiple languages within the
models themselves.

The rest of the paper is structured as follows: after the
related work section, we provide our theoretical background
and describe the MME as well as the relationships between
morality, language, and culture in section 3. Here, we also
define the term moral bias. Subsequently, we outline our
method and experiment setup (section 4) before presenting
our results in section 5, which we then analyse in section 6.
Our conclusion (section 7) completes the paper.

We published our code and raw results on GitHub.3

2 Related Work
Most of the work based on the MME focuses on the ethi-
cal and social implications of autonomous driving vehicles
(e.g., Bigman and Gray 2020; Millán-Blanquel, Veres, and
Purshouse 2020). Closest to our paper is the work of Take-
moto (2024), who also applies the MME to LLMs. Unlike
our work, however, they concentrate on fewer models and
only take English into account.

In the realm of NLP, so far, several studies have focused
on the moral bias of models. Some works analyse the moral
dimensions of BERT in detail using atomic actions in both
English (Haemmerl et al. 2023; Schramowski et al. 2019)

2That is, humans tend to place too much trust in supposedly
neutral machines and rely on them mindlessly.

3https://github.com/fdamken/decoding multilingual moral
preferences/tree/publication aies2024

and multilingual context (Hämmerl et al. 2022). Furthermore,
Scherrer et al. (2023) investigate the moral beliefs of LLMs in
specially created moral scenarios, which, similar to the MME,
give the models two choices. Benkler et al. (2023) base their
assessment of models on the World Value Survey4 and also
compare different cultural identities of LLMs. Other works
deal with the prominent Delphi Model (Jiang et al. 2021)
and examine in detail the underlying moral dispositions and
preferences (e.g., Fraser, Kiritchenko, and Balkir 2022; Talat
et al. 2022-07, 2021).

Another series of works is concerned with investigating
cultural differences of LLMs. Arora, Kaffee, and Augenstein
(2023) systematically investigate the extent to which social,
political, and cultural values in pre-trained language models
vary between cultures (Arora, Kaffee, and Augenstein 2023).
A detailed analysis of the inherent cultural values that char-
acterise ChatGPT was carried out by Cao et al. (2023) and
found that ChatGPT is very strongly oriented towards West-
ern (American) values. Multilingual studies focussing on the
Arabic language were carried out by Naous et al. (2024).
They were able to show that the tested language models were
not able to culturally detach themselves from Western values.

3 On Morality and Machines
Assessing the moral bias of LLMs is an essential part of
machine and AI ethics. As such, it is a subfield of applied
ethics and deals both with the possibility of designing al-
gorithms and machines that “mimic, simulate, generate, or
instantiate ethical sensitivity, learning, reasoning, argument,
or action” (Guarini 2013), as well as the concerns associated
with such technological artefacts (Müller 2020). One chal-
lenge facing developers and researchers of such algorithms is
the lack of ground truth in moral judgements (Vida, Simon,
and Lauscher 2023). It is, therefore, unclear which values
should influence and be incorporated into the models.

The Moral Machine Experiment. To address these con-
cerns regarding the question of correct behaviour for au-
tonomous vehicles, Awad et al. designed the MME, which is
based on a modification of the trolley problem (Foot 1967).
On an online platform,5 called the moral machine (MM),
users are presented with 13 randomly generated scenarios,
each composed of distinct outcomes (profiles), and asked
about their moral preferences. Figure 1 shows an example
of such a scenario. The MM generates randomised scenar-
ios using the nine factors: inaction versus action (inaction
factor), sparing pedestrians versus passengers (pedestrian
factor), sparing women versus men (gender factor), sparing
the fit versus the less fit (fitness factor), sparing the lawful
versus jaywalking (lawful factor), sparing those with higher
social status versus those with lower social status (social sta-
tus factor; e.g., female and male executives versus criminals,
homeless people, and women and men without a particu-
lar role), sparing the young versus the elderly (age factor),
sparing more lives versus fewer lives (count factor), sparing
humans versus pets (species factor). In their paper, Awad

4https://www.worldvaluessurvey.org/
5https://www.moralmachine.net/
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Cluster Languages
Western English, French, German,

Portuguese, Russian
Eastern Arabic, Chinese, Korean, Japanese
Southern Spanish

Table 1: Clustering of all languages

et al. present the results of roughly 40 million decisions in
ten languages by millions of people from 233 countries and
territories.

Similar to ethics in general and AI ethics in particular, there
is no ground truth for these moral dilemmas. In our paper,
we use the moral preferences made by humans as reference
values and investigate whether the moral bias of different
LLMs reflects these moral preferences. We hypothesise that
the moral bias of LLMs is similar to the moral preferences of
humans of the respective language since these models were
trained on texts of the same language.

Culture and Morality. Along the lines of Benkler et al.
(2023), we see language as a representation of cultural iden-
tity. This cultural identity comprises a set of ideas, such as
values, norms and beliefs, which are passed on to the next
generation (Saucier 2018). Since morality can be understood
in a descriptive sense as certain rules of behaviour that are
imposed and accepted either by a society or group or by
an individual themselves (Gert and Gert 2020), it is also an
integral part of culture (Markus and Hamedani 2007) and
can therefore be expressed through language. Consequently,
moral preferences can also be found in language (Chen and
Bond 2010).

A Definition for Moral Bias. Based on the recommenda-
tions of Blodgett et al. (2020), we define the term moral bias
in the context of this paper: the moral bias of an LLM is
derived from the selected moral preferences of a model given
a prompted input scenario. These preferences are determined
using nine factors (species, number of characters, age, law,
social status, fitness, gender, relation to autonomous vehicle,
i.e., passenger or pedestrian, and intervention), in analogy
to the MME. Together, the moral preferences in these nine
factors constitute the moral bias of a model. If depending on
the input language, different moral preferences are made by
a model in response to the same prompt, stereotypical preju-
dices can be reinforced in users of such models. We consider
multilingual models to be inconsistent in their moral bias if
they give differing preferences in different languages. Con-
versely, there is a consistent moral bias if the same preference
is selected by the model regardless of the language.

4 Methodology
In this section, we cover how we obtain the data that we
analyse, as well as how we perform the analysis.

To assess the moral bias of different LLMs and how it
differs from actual human moral preferences, we prompt
multiple different LLMs with typical scenarios presented by
the MM in different languages. Concretely, we perform the

following steps to attain the relevant data: first, we generate
the scenarios, we then translate the instruction prompt into all
used languages before we prompt the models which action to
take. Finally, we perform an analysis following the work of
Awad et al. (2018).

In the following sections, we describe each of these steps
in greater detail as well as how we selected the models and
languages to evaluate.

Model and Language Selection
We evaluate the MME on the following models: Falcon (7B-
Instruct, 40B-Instruct, 180B-Chat) (Almazrouei et al. 2023),
Gemini 1.0 Pro (Google 2024), Llama 2 (7B-Chat, 13B-
Chat, 70B-Chat) (Touvron et al. 2023), Llama 3 (8B-Instruct,
70B-Instruct),6 GPT 3.5 Turbo,7 and MPT (7B-Chat, 30B-
Chat) (Team 2023b,a). We chose these models as they are
widely used, have reported usability in multilingual settings
(Holtermann et al. 2024), and are easily accessible.8

In terms of languages, we prompt all models in Arabic
(ar), German (de), English (en), Spanish (es), French (fr),
Japanese (ka), Korean (ko), Portuguese (pt), Russian (ru),
and Chinese (zh). These are exactly the languages officially
supported by the MM website. As we reuse their translations,
this support is crucial.

Scenario Generation
In the MM, the user faces 13 moral dilemmas in a row (one
such row of scenarios is called a session). Each session con-
sists of two possible outcomes (called profiles; see section 3
for a more detailed description of such scenarios). These
scenarios are randomly generated (where 12 scenarios are
generated to check for specific preferences, e.g., male versus
female, and an additional scenario is generated completely
randomly). For best comparability, we leverage the MM’s
code9 to generate these scenarios. Hence, we can guarantee
to have the same data distribution. We generate 500 sessions
with 13 scenarios each, resulting in 6500 scenarios.

Instruction Prompt Translation
Since we want to evaluate the moral biases for the tested
LLMs in a multilingual setting, we need multilingual scenar-
ios. For this, we use the translations from the MM as they
would be presented to a user in the previously mentioned
languages. We further instruct the models as described in
the following paragraph. To translate this instruction, native
speakers translated our initial English instruction into their
native language (see extended paper (Vida, Damken, and
Lauscher 2024)). All our native speakers are fluent in English
and have higher education qualifications. In an additional
step, we review the translations provided to us for correct-
ness. For this, we use a common machine translator.10

6https://ai.meta.com/blog/meta-llama-3/
7https://platform.openai.com/docs/models
8We have not included PaLM 2 as it was deprecated by Google,

Gemini 1.5 Pro is severely rate limited, and GPT 4 due to budgetary
restrictions.

9https://www.moralmachine.net/
10https://translate.google.com/
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Prompting

For each LLM, we use the model fine-tuned for chat or, if not
available, an instruct model. To ensure that we can process
the results automatically, we give a system prompt instructing
the model to choose exactly one scenario and output only “1”
or “2” as follows:

You are a self-driving car. You will be faced with moral
decisions. Each decision will be between two scenar-
ios (“1” and “2”). You must choose one of the two
scenarios. Type only “1” or “2”. Do not type anything
else.

Importantly, we do not tell the LLM to behave “good,” find
the “least fatal outcome,” or “behave as one would expect
from an autonomous vehicle” to not induce a confounding
bias into the decisions. This is important as we want to inves-
tigate the actual bias present in the model without injecting
external beliefs.

Subsequently, we use a conversational scheme as follows:

1. provide a single scenario with profiles one and two
prefixed by “1:” and “2:”, respectively

2. prompt the model to receive a decision (“1” or “2”)

3. repeat

This scheme is repeated 13 times, once for each scenario, and
the results are collected for further analysis. Crucially, we
restart the chat session for every session of the MME. That is,
we reset the LLM’s context such that it can only access the
scenarios of the current session. If any prompt fails within a
session (e.g., due to a blocked prompt or an invalid response),
the whole session is repeated.

Similar to the MME, to mitigate any external biases, we
randomise the scenario order and which profile is presented
first or second. Moreover, we set the temperature of all mod-
els to zero (i.e., configure them to select outputs deterministi-
cally) to get consistent and reproducible results.

Data Analysis

In line with the MME, we compute the average marginal
component effect (AMCE) (Egami and Imai 2019) and 95 %
confidence interval for every factor for every language. To
ensure comparability, we base our analysis on the code kindly
provided by Awad et al. (2018). We then use these scores to
investigate moral preferences and moral bias.

Quantitative Analysis. First, we analyse how well the
models follow the system prompt and the prompt blockage
rate (as some models have safety barriers to disallow prompts
that are deemed dangerous). Furthermore, we report the mean
absolute bias (MAB) and root mean squared error (RMSE)
between a model’s AMCEs and the human AMCEs of the
MME. The former is the mean of the absolute values of all
AMCEs measuring how pronounced the moral preferences
of a model are (i.e., how much its preferences deviate from
taking random choices). The latter is a measure how well
these moral preferences align with the MME results.

Language Clustering. Second, we perform hierarchical
clustering on the scores obtained across languages using
Ward’s method (Jr. 1963) to understand how the moral biases
of different languages relate. This gives us dendrogram plots
similar to Awad et al. (2018, fig. 3a).

Cultural Clustering and Biases. Third, we manually as-
sign all languages to the clusters Western, Eastern, and South-
ern, following the original classification of the MME. To es-
tablish a connection between languages and Western, Eastern,
and Southern cultures, we leverage the country clustering re-
ported in the MME as follows. For each language, we extract
the countries where this language is an official language (us-
ing the countryinfo Python package11). Subsequently, we use
the MME clustering to associate those countries to cultures
(Western, Eastern, and Southern) and assign each language
to the culture with the most countries. For instance, Por-
tuguese is the official language of Angola, Brazil, Portugal,
and Macau, where all but the latter are deemed to be Western
countries and Macau is classified as Eastern. Hence, Por-
tuguese is deemed to be a Western language. See table 1 for all
language-culture clusters and extended paper (Vida, Damken,
and Lauscher 2024) for all language-country-culture associa-
tions.

Subsequently, we exploit this “manual” clustering to cre-
ate preference plots similar to Awad et al. (2018, figs. 2 and
3b). These radar charts allow assessing the differences in
moral preferences present in any model and the cultural influ-
ence by comparing the three clusters: Western, Eastern, and
Southern.

5 Results
Overall Results. Generally, the tested models react very
differently to the experiments. Table 3 shows the proportion
of invalid responses per model across all languages. Due to
the high non-evaluable response rate (up to 100 % for all
languages for Llama-2), we excluded Falcon 40B-Instruct,
Falcon 180B-Chat, all Llama 2 models from all subsequent
analyses. The two Falcon models did not comply with the
system prompt (e.g., they answered with Chinese characters
instead of “1” or “2”). With Llama 2, on the other hand, the
implemented safety measures blocked all of our prompts. For
instance, one of the responses generated by Llama 2 was

I cannot make decisions that result in harm or death
to any living being, including pedestrians, animals, or
criminals. [. . .]

Across all models, all Llama 3 models, Gemini 1.0 Pro, and
GPT 3.5 Turbo show the lowest invalid session rate.

We also report the invalid session proportions for the indi-
vidual languages across all models (table 2). We observe the
highest invalid session proportions in Arabic (38 %), Korean
(30 %), Portuguese (30 %) and Russian (28 %). For example,
Gemini 1.0 Pro blocks many of the Arabic prompts as they
are considered dangerous. We hypothesise that this finding
is tied to the quality of the language-specific representation
spaces. Furthermore, the models often responded with the
respective characters in Korean and Chinese scenarios rather

11https://pypi.org/project/countryinfo/
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ar de en es fr ja ko pt ru zh
Invalid Session Proportion: 0.38 0.04 0.01 0.16 0.15 0.05 0.30 0.30 0.28 0.07

Table 2: Proportion of invalid sessions (i.e., sessions with invalid responses or blocked prompts) in the datasets across all models.
The minimum is depicted bold. Full data is shown in extended paper (Vida, Damken, and Lauscher 2024).

Model ISP Evaluate?

Falcon
7B-Instruct 0.33 ✓
40B-Instruct 0.94 ✗
180B-Chat 1.00 ✗

Gemini 1.0 Pro 0.00 ✓

Llama 2
7B-Chat 1.00 ✗
13B-Chat 1.00 ✗
70B-Chat 1.00 ✗

Llama 3 8B-Instruct 0.09 ✓
70B-Instruct 0.00 ✓

GPT 3.5 Turbo 0.00 ✓

MPT 7B-Chat 0.47 ✓
30B-Chat 0.12 ✓

Table 3: Invalid session proportion (ISP) in the datasets.
That is, the proportion of sessions with invalid responses
or blocked prompts across all languages. Minimal values are
depicted bold. The last column is our decision on whether to
keep (✓) the model for further evaluation or to remove (✗) it
due to lack of error-free data. Full data is shown in extended
paper (Vida, Damken, and Lauscher 2024).

than “1” or “2”. Corresponding scenarios are also labelled
invalid sessions and not included in the analysis. Conversely,
we record the fewest invalid sessions in English (1 %), Ger-
man (4 %), and Japanese (5 %).

Language Clustering. Analogous to the methods from
the MME, we apply hierarchical clustering to the languages
based on the AMCE (Egami and Imai 2019). The correspond-
ing results are presented in fig. 2 and show how closely the
individual languages are distributed concerning the inher-
ent moral bias. Consequently, the moral bias of different
languages within these clusters is similar. Due to the high
invalid session rate for the models Falcon 7B-Instruct and
MPT 7B-Chat, the dendrograms from these models do not
represent all languages. Since the reported hierarchical clus-
tering from the MME is based on the participants’ countries
of the experiment and ours on the languages supported by
the models, a direct comparison is not possible here.

The dendrograms of Falcon 7B-Instruct (fig. 2a), MPT
7B-Chat (fig. 2b), and GPT 3.5 Turbo (fig. 2e), and Llama 3
8B-Instruct (fig. 2f) show that the AMCE clustering of the
languages is not similar to the clustering of the MME. The
remaining models perform better but do not entirely represent
the clusters from the MME.

Spanish and Russian are closer to the Eastern cluster for
Gemini 1.0 Pro (fig. 2d). The dendrogram of Llama 3 70B-

Model RMSE MAB ↓
MME 0.270(3)
Llama 3 70B-Instruct 0.672(3) 0.26(1)
Gemini 1.0 Pro 0.299(4) 0.15(2)

GPT 3.5 Turbo 0.394(4) 0.10(4)
Llama 3 8B-Instruct 0.367(4) 0.06(6)

MPT 7B-Chat 0.336(5) 0.0(3)
Falcon 7B-Instruct 0.328(5) 0.0(2)
MPT 30B-Chat 0.319(4) 0.0(1)

Table 4: RMSE (lower is better) and MAB (higher is bet-
ter) of all models across all languages. RMSE is towards
the MME results. Uncertainties denote the 95 % confidence
interval (propagated by Gaussian uncertainty propagation).
For the RMSE on the left, the smallest value is depicted in
bold (two values are considered equal if their confidence
intervals overlap). For the MAB on the right, values close
to zero indicate no moral biases, i.e., random decisions. The
table is separated into models with stark (top), little (middle),
and no moral biases (bottom). The MABs of the MME are
included for reference.

Instruct (fig. 2g) indicates that Spanish is closer to Portuguese
and English and, therefore, part of the Western cluster. Also,
Arabic is the most different from the other languages. For
MPT 30B-Chat (fig. 2c), English and Spanish are close to the
languages of the Eastern cluster.

Overall, none of the models replicate the clusters from
the MME. In every model, the AMCE values of the Spanish
language are closer to Western languages and not distinct
enough to be seen as a different cluster.

Moral Bias. In table 4, we see that MPT 7B-Chat, 30B-
Chat, and Falcon 7B-Instruct do not exhibit significant moral
preferences (this does also not change when computing the
MAB for each cluster individually, see extended paper (Vida,
Damken, and Lauscher 2024) for extended information). This
indicates that these models do not inhibit a moral bias. That
is, they decide randomly across all languages. We thus omit
the discussion of these models due to uninteresting behaviour
and refer to extended paper (Vida, Damken, and Lauscher
2024) for additional results. (Note that, while these models
have a relatively low RMSE, this is due to the MME results
being roughly uniformly distributed and does not indicate
similar moral bias.)

Opposed to that, Llama 3 70B-Instruct and Gemini 1.0
Pro exhibit pronounced moral preferences across all clusters.
Figure 3a reveals where these tendencies lie for Llama 3
70B-Instruct: across all cultural clusters, the model tends
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ja zh es en fr de pt

(a) Falcon 7B-Instruct

ko es ja zh de en

(b) MPT 7B-Chat

fr pt ru de en es zh ko ja ar

(c) MPT 30B-Chat

Western
Eastern
Southern

de fr pt en ru es ko zh ar ja

(d) Gemini 1.0 Pro

es en de fr ja zh ko ru pt ar

(e) GPT 3.5 Turbo

pt ru es ko ar ja fr de en zh

(f) Llama 3 8B-Instruct

ar ko zh ja es pt en de ru fr

(g) Llama 3 70B-Instruct

Figure 2: Clustering of languages based on the AMCEs. For some models, too little data was available, such that the language
could not be represented accurately. The coloured hatching in the background of each plot denotes the primary cluster that we
associate the language with according to the MME.

to spare fewer characters (i.e., it prefers running over more
characters). Similarly, it prefers sparing pets over humans and
people with lower social status over people with higher social
status. Moreover, Llama 3 70B-Instruct shows a preference
towards saving passengers rather than pedestrians. In all other
factors, the model does not have considerable preferences
(there is a slight preference towards saving lawful people
in the eastern cluster and a slight preference towards saving
older people in the southern cluster). Interestingly, it does not
have a preference on whether to act or not to act. This pattern
dramatically diverts from human data collected in the MME,
which is also reflected in a large RMSE of 0.672(3).

On the other hand, Gemini 1.0 Pro has a much smaller
RMSE of 0.299(4) (in fact, Gemini 1.0 Pro exhibits the small-
est total RMSE across all models). Looking at fig. 4a, we
can identify less pronounced moral preferences compared
to Llama 3 70B-Instruct: across all clusters, Gemini 1.0 Pro
prefers sparing the lawful as opposed to those crossing the
street illegally and prefers saving humans over pets. For all
other factors, Gemini 1.0 Pro does not exhibit significant
preferences. Similarly to Llama 3 70B-Instruct, Gemini 1.0
Pro is not biased towards action or inaction.

While these models have the largest moral bias, GPT 3.5
Turbo and Llama 3 8B-Instruct still exhibit minor moral
bias. Figures 5a and 6a show that both models prefer saving
fewer characters. However, this preference is not as prevalent
in the Eastern cluster for GPT 3.5 Turbo, where the pref-
erence for saving fewer characters is reduced. Also, GPT
3.5 Turbo shows a stark preference for saving lawful people
in the Southern cluster. Both GPT 3.5 Turbo and Llama 3
8B-Instruct have a similar RMSE of 0.367(4) and 0.394(4),
respectively. As expected, these values are in between those
of Llama 3 70B-Instruct, and Gemini 1.0 Pro, which are
the worst and best models in terms of matching the MME,
respectively.

Cultural Differences. We also report the cultural differ-
ences regarding the moral preferences of the individual mod-

els. As before, we restrict ourselves to the models that exhibit
a moral bias according to table 4. The figures show the differ-
ent preferences of the respective culture clusters in relation
to the other clusters as z-scores across all clusters. That is,
if for some models, the moral preferences are outside of the
black circle, this does not mean the model prefers sparing
that attribute. Instead, the model spares this attribute more
than average over all languages. This distinction is of utter
importance: a model might always prefer saving pets but is
slightly more humane in the Western cluster than in the other
two clusters and thus has a positive z-score in that dimension.
In the following, we always refer to these relative differences
and use the phrasing “model X prefers Y in cluster Z” for
brevity.

Moreover, we report the 95 % confidence interval. Across
all models and culture clusters, the factor gender has the
largest confidence interval, indicating that the models gener-
ally do not show cultural differences regarding saving female
or male characters.

Overall, Llama 3 70B-Instruct has the smallest confidence
interval across all three clusters (see fig. 3), indicating a
strong cultural difference in the respective factors. Direct
comparison with the results from the MME reveals that the
preferences of Llama 3 70B-Instruct differ strongly from the
human preferences across all culture clusters. Furthermore, a
direct comparison of the culture clusters shows that lawful
actions are more likely to be saved in the Eastern cluster. In
contrast, this factor is categorised in exactly the opposite way
in the two remaining clusters. The Eastern cluster also clearly
prefers female characters, more people, young people, higher
status and pedestrians. In both the Western and Southern clus-
ters, the other attributes are favoured. The culture clusters
show apparent differences in the pedestrians versus passen-
gers factor. While the Western cluster favours passengers, as
in the MME, pedestrians are more likely to be saved in the
Eastern cluster. The Southern cluster completely resembles
the average preference across all languages.
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(a) AMCE of each factor split into the main three clusters. The black
circle denotes zero meaning ”no preference” and outward spikes show
a preference towards saving the outer attribute while inward spikes
show a preference towards saving the inner attribute (sacrificing the
opposite). For instance, in the Eastern cluster, the model prefers spar-
ing pets (inner attribute) over humans (outer attribute) while it prefers
saving the lawful (outer attribute) over the unlawful (inner attribute).
We distinguish between moral preferences which is the deviation from
zero in one axis and the moral bias describing the form of the plot.
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(b) z-Scores of the AMCEs over all languages for each factor inde-
pendently. The black circle denotes zero. If a value is above zero, this
means the model shows greater preference towards sparing the respec-
tive property for a given cluster (Western/Eastern/Southern) than the
other clusters and vice versa. Each light grey circle depict one z-score
unit (i.e., the black circle is z = 0, the first grey circle outwards z = 1,
etc.). Note that this plot only indicates cultural differences and does
not accurately represent the moral bias within a given cluster. Since the
confidence interval around the MME data is negligible, it is omitted.

Figure 3: Moral bias of Llama 3 70B-Instruct. Each radial axis depicts one factor of the experiment.

The preferences of Gemini 1.0 Pro show a large confi-
dence interval, particularly in the factors age and gender (see
fig. 4b). Clear cultural preferences are also visible in this
model: while the Western cluster prefers no intervention, the
other two culture clusters favour action by the autonomous
vehicle. In the Western cluster, rescuing pets is favoured over
humans, fit over unfit people and passengers over pedestrians,
in contrast to the Eastern and Southern clusters. Conversely,
the Eastern cluster neglects lawful behaviour, young peo-
ple, and people of higher status compared to the Western
and Southern clusters. Finally, both the Western and South-
ern clusters prefer to rescue more people. The factor gender
differs in all clusters. While the Western cluster marginally
prefers to rescue male characters, the Eastern cluster favours
female characters minimally. No direct preference can be
determined in the Southern cluster, as the value here corre-
sponds to the average preference.

The plots of GPT 3.5 Turbo (fig. 5b) exhibit large confi-
dence intervals across the clusters, especially in the factors
gender, fitness, species, and status. With regard to individ-
ual preferences, all three clusters show different forms in
direct comparison. In the Southern cluster, lawful behaviour
is strongly preferred, whereas this is only marginally the case
in the Western cluster and not at all in the Eastern cluster. In

principle, tendencies in the Western cluster are not quite as
strong as in the other two clusters, and, except for the factors
age, number, and species, they only ever lean slightly in one
direction. We also note that the Eastern cluster is the only
one showing greater preference towards sparing the outward
properties than the other clusters.

Llama 3 8B-Instruct also shows large confidence intervals
in the factors age, fitness, and gender (see fig. 6b). While the
Eastern cluster favours protecting pedestrians, more people,
young people, and higher status, the opposite is true for the
other two clusters. In this cluster, it is also preferred that
the autonomously driving car performs an action, while in
the Western cluster, the lane should be maintained. In the
Southern cluster, on the other hand, this factor is exactly the
mean value and thus expresses an indifference to this factor.
In the Western cluster, female characters, animals and rule-
compliant behaviour are given preference, while in the other
two clusters, the opposite is the case. The Southern cluster is
the only one within this model that shows a clear preference
for unfit people. In both the Eastern and Western clusters, fit
people are marginally preferred to be rescued.

Compared to the MME, cultural preferences are extremely
different across all models and clusters.
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(a) AMCEs; see fig. 3a for more details.
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(b) z-Scores of AMCEs; see fig. 3b for more details.

Figure 4: Moral bias of Gemini 1.0 Pro; see fig. 3 for more details.

6 Discussion
We now discuss our findings, answer our research questions
and discuss further implications. We start with a general
discussion of behaviour that is consistent across all models.

First, we found that all models are slightly biased towards
saving men over saving women across all clusters. However,
we must note that this bias is slight.

Second, all models except Llama 8B-Instruct seem not to
consider whether a character is fit or unfit or whether they
are elderly or young.

Third, all models seem to prefer sparing the passengers
over pedestrians, which differs from the MME results where
humans would rather spare pedestrians. One reason for this
might be that humans consider the deaths their fault and
would rather sacrifice themselves for their mistakes rather
than running over others. Conversely, an autonomous car is
at fault for both cases and would instead save its passengers.

Interestingly, no models in any language show a preference
for action versus inaction. This is similar to the MME results
and suggests that the common issue of the trolley experiment
(“If I change lanes, I am actively running over people, and
thus I do nothing.”) is not as prevalent as usually thought.

Research Questions
Given our results, we can now go back to our research ques-
tions and formulate answers for them.

(RQ1) Do LLMs exhibit biases reflected through their
preferences when faced with moral dilemmas in au-
tonomous driving scenarios? Yes. As the various radar
charts from section 5 and table 4 show, the models have a

moral bias to varying degrees (except for Falcon 7B-Instruct,
MPT 7B-Chat, and MPT 30B-Chat which show no moral
bias).

Llama 3 70B-Instruct is the model with the most pro-
nounced preferences. While Gemini 1.0 Pro, GPT 3.5 Turbo,
and Llama 3 8B-Instruct have a similar moral bias, which
is differently enunciated in each case, Llama 3 70B-Instruct
clearly stands out regarding the reported preferences. This
is unexpected regarding the other Llama models: despite
the same training data, the moral bias of Llama 3 70B-
Instruct and Llama 3 8B-Instruct differs significantly across
the various factors. Llama 3 70B-Instruct’s bias is particu-
larly surprising since Llama 2’s safety mechanisms blocks
the prompts as it focuses on safety and was designed with a
“no danger or harm”-policy in mind. In our analysis, however,
Llama 3 is the model with the most concise moral preferences.
Interestingly, Llama 3 70B-Instruct shows no utilitarian pref-
erences across all three culture clusters and tends to run over
more people rather than fewer when given the choice, as well
as rather running over humans than pets. The model shows
a marginal tendency to prefer deontological behaviour and
save rule-following individuals in the Western and Eastern
clusters.

The remaining three models (Gemini 1.0 Pro, GPT 3.5
Turbo, and Llama 3 8B-Instruct) are similar in their moral
preferences but have different degrees of preference in each
case. Gemini 1.0 Pro favours deontological preferences, es-
pecially in the Southern and Western clusters. In addition, it
is the only model that slightly favours humans rather than
animals. This suggests that this may be an intrinsically hard-
coded value. Otherwise, the model is balanced in its bias.
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(a) AMCEs; see fig. 3a for more details.
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Figure 5: Moral bias of GPT 3.5 Turbo; see fig. 3 for more details.

GPT 3.5 Turbo, on the other hand, is very indifferent across
the different factors but shows a strong bias towards deon-
tological behaviour across all clusters which is particularly
pronounced in the Southern and Western cluster, similar to
Gemini 1.0 Pro. In these two clusters, there is also a visible
drop in the preference for the number of people rescued and
here, too, the model tends to save fewer people rather than
more. A similar bias, but less pronounced, is also found in
Llama 3 8B-Instruct.

(RQ2) Is the moral bias of LLMs dependent on the
prompting language? Yes. Both the different cultural clus-
ters and the dendrograms clearly show that the models do
not have a consistent moral bias across languages. Depend-
ing on the prompted language, the models display different
response behaviours. The different dendrograms also show
that all models have problems distinguishing Spanish. We
hypothesise that this is probably due to the poor clustering,
as maybe the main parts of the Spanish training data actually
come from Spain, which follows Western values.

(RQ3) Does the moral bias of LLMs reflect the cultur-
ally shaped moral dispositions of people speaking the
language? No. Although Gemini 1.0 Pro performed best
in terms of the RMSE, its moral bias do not align with those
reported in the MME. This finding is the most surprising to
us, as we previously assumed that the underlying training
data represented the respective cultural moral preferences.
The question now arises about whether and how language
can adequately express moral preferences. A further analysis
of the training data could provide a possible explanation for
this behaviour.

Comparison to Takemoto’s Work
Interestingly, we found quite different results than Takemoto
(2024) for Llama 2 and GPT 3.5 Turbo. While Llama 2
blocked all our prompts due to moral concerns, Takemoto
(2024) got sufficient results. We attribute this to us using
the original translations from the MME whereas Takemoto
(2024) created custom (English) descriptions. For GPT 3.5
Turbo, they reported different moral biases than we do (com-
paring Takemoto (2024, fig. 1) and the Western cluster of
fig. 5a). Most strikingly, in our setting GPT 3.5 Turbo pre-
ferred saving less, whereas Takemoto (2024) reported a ten-
dency towards sparing more, characters. We speculate this
is due to the difference in our system prompt. While we
never explicitly state that the model shall make a “right” or
“morally superior” decision, Takemoto (2024) tells the model
to “indicate which case is better for autonomous driving”,
which might bias the model. However, we have not performed
further ablation studies to investigate this issue.

Implications
Analysing our results and answering our research questions
has shown that some models have a moral bias, and when this
is the case, it is not consistent across languages. As the moral
bias is inconsistent across languages, interacting with LLMs
can reinforce one’s own culturally shaped moral biases. At
the same time, this results in different response behaviours
adapted to the respective languages. Resulting, the model is
no longer predictable in its response behaviour. A consistent
moral bias does not correspond to cultural expectations and
does not represent the reality that different languages and
cultures have different moral preferences. On the other hand,
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Figure 6: Moral bias of Llama 3 8B-Instruct; see fig. 3 for more details.

such a model would be more predictable and ultimately more
credible as there would be consistent responses across dif-
ferent languages. This could further foster human-computer
interaction in a positive way as this can strengthen trust in the
technology. However, the question of whether a consistent or
inconsistent bias is preferable is a question of machine ethics
and will not be answered here.

7 Conclusion and Future Work
In this paper, we investigated whether (RQ1) LLMs ex-
hibit moral preferences concerning the behaviour of an au-
tonomous car, (RQ2) whether the moral bias depends on
the prompted language, and (RQ3) whether the moral bias
reflects the respective cultural moral disposition of people
speaking the language. We conclude that the answers to these
questions are yes, yes, and no, respectively. Moreover, we
define the term moral bias for LLMs and define moral con-
sistency. We conclude that LLMs turn out not to be morally
consistent in that they have different moral preferences de-
pending on the prompted language.

While most models possess moral preferences and culture-
dependent moral bias are eminent, they do not align with
human biases found in the MME. Strikingly, we found that
some models, in particular Llama 3 70B-Instruct, exhibit
immoral behaviour such as running over as many characters
as possible or saving pets over humans.

To summarise, we can say that one shall not entrust an
LLM with decisions that could result in harm. In particular,
Llama 3 70B-Instruct shows a stark preference towards action
that is against widespread ethical considerations. Moreover,
one shall not expect the same moral bias of an LLM in differ-

ent languages and neither expect the moral bias of an LLM
to align with a culture’s beliefs.

There are a couple of possible extension points for future
work. It would be interesting to see how well an LLM can
adapt to a different culture by changing the system prompt,
e.g., to “You are a self-driving car in Portugal [. . .].” This
could reveal further biases present in the model that are not
revealed by language alone. Furthermore, comparing the lan-
guage clusters (fig. 2) to linguistic features (e.g., language
families, left-to-right text, etc.) could reveal interesting pat-
terns.

8 Limitations
As our experiments are based on the MME, our work heavily
depends on it. This results in limitations for our paper. Since,
unlike in the MME, we only look at languages and not de-
mographic backgrounds, the Southern cluster only consists
of the Spanish language. In general, by clustering differ-
ent languages into one large culture (Western, Eastern, and
Southern), individual subtleties of the various subordinate
cultures and languages can also be lost, as with generalisa-
tion. Consequently, the clustering might be noisy. Further
research should incorporate the various cultural aspects into
the prompts for the LLMs at a more granular level and in-
vestigate how responses and moral bias behave. Moreover,
repeating the same experiment with different system prompt
formulations may reveal biases that we did not account for.
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